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Abstract 
The global energy consumption challenge can largely be addressed by adoption of smart-home autonomous agents, allowing 
adaptive scheduling of electronic devices – for household and businesses alike. The realization of this smart architecture 
necessitates the agents need to know their decision space, in order to schedule different devices according to their individual 
constraints. Some of these constraints can be set by the owner, for example, timelines for washing machine or charging electric 
vehicles, not necessitating a smart agent. However, most appliances are subject to physical constraints, for example, washing 
machine being non-interruptible, and consequently, the modeling of the decision space is non-trivial. This paper gives an 
overview of smart-agent based models for different electric devices and appliances using their individual non-trivial energy 
consumption constraints, and proposes solutions for appliance optimization and scheduling. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of KES International. 
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1. Introduction 
Today, the world faces major challenges in energy sector, with increasing energy consumption that has doubled in 
the last 20 years [1-2]. EU commission’s joint research center recently reported that the largest share of the total 
energy consumption is occupied by transport (31.67%) and residential sectors (26.65%)., with ~3.6% increase 
between years 2009 and 2010, prediction for further growth. Some of the major causes of this upward trend are 
changing weather conditions, growing population, and economic factors [1]. It is now widely acknowledged that the 
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increase in demand and supply of energy will soon lead to a global energy crisis, resulting in a devastating impact 
not only on the world’s economic growth and environment, but also have social, as well as political implications [2]. 
Currently deployed electricity grids, serving the households, commercial buildings as well the industrial loads are 
old, inefficient and monitor information only at the operations side. Therefore, the power grids scalability, reliability, 
and security to handle the high demands of energy are questionable. The alternate solution to counteract the old grid 
architectures and address the energy management problems are new intelligent approaches which aim to reduce the 
carbon emissions, energy costs and guarantee secure supply [3]. In this context, world’s major energy vendors –
Siemens, Samsung, Philips, General Electric, etc., are striving for next-generation smart and energy efficient 
systems, including sustainable power generation, low-loss power transmission, intelligent distribution, storage and 
efficient energy use. For example, Siemens Energy Portfolio recently reported 428 million tons of carbon dioxide 
emissions reduction in 2014, bring down their energy cost and enhance the productivity [4]. Furthermore, smart-
home automation was shown to enable 30% reduction in heat energy, carbon emission for smart-homes, etc. 
Besides many adopted strategies, following are some of the practical and most popular solutions to date: 
x Use of renewable energy sources (such as wind and solar photovoltaic) to reduce carbon emission. 
x Use of energy storage devices (e.g., batteries, flywheels, compressed gas, and pumped hydro) and demand 
response (DR) to enable the demand to follow the generation. 
x The conception and deployment of Smart Grids. This technology addresses the challenges of renewable energy 
sources by efficient integration of renewables and new large scale electric devices and reduces the demand (and 
carbon emissions) by managing how electricity is used, stored and delivered. 
x Deployment of smart autonomous agents (such as smart meters) or intelligent software agents that manage, 
schedule and control the electric consumption of loads, minimizes its inefficient usage and maximizes 
consumer’s savings to enable DR at the household level [5]. Figure 1 describes the high-level architecture of such 
smart agents, showing user and agent interaction and load determination over the  local area network (LAN) and 
local power lines. 
Fig. 1. Block diagram of smart-home with distribution power line, communication network and smart home setup (user with smart agent) [6]. ݈௡௛: 
total load for user n at hour h. 
Despite the numerous technological differences, one aspect which is common in the aforementioned smart 
approaches is the equipment modeling and constraint requirement –i.e. modeling the electric loads (and devices) 
along with their consumption constraints. These models help us understand the load’s techno-economic impact by 
factorizing each characteristic of the device and analyze its constraints. Models add value in enabling agents to 
accomplish their scheduling tasks based on individual load constraints and solve the optimization problems by 
minimizing the cost functions [7-10]. 
In the following sections, we present modeling formulations for various electric devices along with their 
properties. Furthermore, we discuss diverse applications supporting different methodologies. 
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Nomenclature 
DR    demand response  
EV     electric vehicle 
D-OPF      decentralized optimization of power flow 
ECS    energy consumption and storage 
TCL          thermostatically control loads 
ETP           equivalent thermal parameter model           
HVAC       heating, ventilating and air conditioning 
LAN          local area network 
2. Modeling 
Modeling device constraints is fundamental in realizing the overall behavior of the device, including 
interdependencies, and interaction with other agents and devices for optimization and scheduling problems. This 
paper considers four different types of residential loads that are, storage loads, shiftable, non-shiftable, and, thermal 
loads. . We consider various electrical appliances, representing each load category, and derive a mathematical model 
to capture their dynamic behavior for smart-home automation. Figure 2 gives an overview of smart-home energy 
model that uses different load categories for their respective devices. The model takes energy sources and user 
model as inputs, and optimizes the cost and energy schedules for its user. 
Fig. 2. Smart-home energy model with different load models for optimization and scheduling: An overview 
2.1. Storage loads 
A Storage load (for example, battery) is a single terminal energy storage device with power schedule, denoted as 
x, which can take in or deliver energy, depending on whether it is charging or discharging. 
Model: Let A denote the set of devices with storage capacity for each user n. For each load aאA, for example, the 
battery of an EV, a charging or discharging schedule xn,a for H time slots; should also depend on the scheduling plan 
in previous time slots, i.e.  
 
ݔ௡ǡ௔௛ ؜ ሾݔ௡ǡ௔ଵ ǡ  ǥǥǥݔ௡ǡ௔௛ିଵሿ    (1) 
The charging and discharging rates are limited by the constraint −Dmax ≤ p ≤ Cmax, where Cmax א  Rt and Dmax א  
Rt are maximum charging and discharging rates. 
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 where qinit is the initial charge and pbat(t) is the battery charging rate at time t. It has zero cost function and the 
charge level must not exceed the battery capacity, i.e., 0 ≤  q(h) ≤  Qmax, h = 1, . . . , H. 
This model is derived as a general approximation of the storage devices presented by Chenye Wu et al [11] and 
Matt Kraning et al [12]. The same general form can be used to model other types of energy storage systems, such as 
those based on super-capacitors, flywheels, pumped hydro, or compressed air. 
Properties: The model formulation of the storage load is convex, discrete and linear. A feasible set of scheduling 
plan can be derived by using the constraints. 
Existing Applications: The above mentioned model for storage load can achieve an optimal solution to the 
problem of wind power integration via aggregator-consumer coordination presented in the paper [11]. Such that, 
given the smart pricing model, the simulation results of Energy Consumption and Storage Game (ECS) shows that 
the network performance at Nash Equilibrium is an optimal solution for the users as well as for the power grid. 
Another application of storage load model can be seen in the paper [13]. Because of the convexity the 
implementation of decentralized optimization method which efficiently solves the D-OPF by distributing 
computation across every device in the network is possible. Thus, this model of storage load is capable of solving 
for the dynamic optimal power flow problem and supports the methodology of proximal message passing presented 
in [12] by efficiently finding the global solution. 
2.2. Non-shiftable loads 
Non-shiftable loads (also refered as Fixed Loads) are single terminal devices with cost function that has 
minimum power consumption for a given interval of time. For example, lights, entertainment and office appliances 
are non-shiftable devices which need to be always on. 
Model: Let An be a set of appliances with non-shiftable loads for each user n. For each appliance aאAn, we can 
define energy consumption scheduling vector as:  
 
ݔ௡ǡ௔ ؜ ሾݔ௡ǡ௔ଵ ǡ ǥǥǥݔ௡ǡ௔ு ሿ (3) 
where xhn,a scalar denotes the corresponding one-hour energy consumption that is scheduled for appliance a by 
user at hour h. Now, the total load l of the nth user can now be obtained as: 
 
݈௡௛ ൌ  ෍ ݔ௡ǡ௔௛
௔א஺೙
 ǡ ݄ א ܪ   (4) 
In general, the energy consumption scheduler should aim to manage and shift the schedule in order to reduce the 
energy cost. Therefore, the total daily consumption denoted as En,a is equal to the time interval for which appliance a 
is scheduled by the user.  







Where α is the beginning and β is the end of a time interval. Clearly, αn,a < β n,a. The scheduler for non-shiftable 
loads has a strict constraint. For example, for the lights α = 18 and β = 22. Thus, there is no impact on the energy 
consumption scheduler for non-shiftable devices. 
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The difference between the expected available power, i.e. wh+vh and the scheduled power consumption of non-
shiftable loads, i.e. xn can be formulated as follows: 
 
ܮே ൌ σ ԡݓ௛ ൅ ݒ௛ െσ ݔ௡௛௡אே ԡு௛ୀଵ 2 
׊݊ א ܰ 
(6) 
 
As no optimized scheduling is possible for non-shiftable loads, the cost incurred by the user is defined as: 
   








where cost function Ch indicates the cost of generating or distributing electricity by the energy source at each 
hour h א H. 
Properties: The function (See equation. 6) is convex and quadratic. Therefore, it can be solved efficiently using 
various convex programming techniques such as interior point method.  Since the cost functions are assumed to be 
strictly convex, and always has a unique solution. 
Existing Applications: The model for non-shiftable loads supports many methodologies. It aims to find an 
optimal solution for the wind integration power integration via aggregator-consumer coordination [11] by adopting 
the results at Nash Equilibrium from Energy Consumption and Storage Game (ECS). Another application is the 
similar implementation of smart meters using scheduling game to find optimal energy consumption schedule for 
each user by minimizing the system’s energy cost function, thus improving the performance parameters of the grid 
[6]. This model also benefits the residential load control in real-time pricing environments [13], by obtaining an 
optimal and automatic residential energy consumption scheduling framework which aims to achieve a trade-off 
between minimizing the payment and minimizing the waiting time for the operation of each household appliance 
based on the needs declared by users. 
2.3. Shiftable loads 
Likewise non-shiftable loads, Shiftable loads are also single terminal devices with cost function that has 
minimum power consumption for a certain total time, but the “on” time is flexible and the device can be scheduled 
any time before the deadline. For example, Electric vehicle, washing machine, dishwasher, dryer etc. are shiftable 
devices which can be scheduled. 
Model: Similar to non-shiftable model, we define an energy-consumption scheduling vector, as shown in 
equation. 3, for each appliance aאAn, given the set of users n. Also the formulation of the total load of nth user and 
the total daily consumption are described in equation 4 and 5.  
Whereas α and β in equation 5 defines the beginning and the end of the valid time frame i.e. during the period in 
which the scheduler should get the job done. 
The minimum and maximum schedulable energy consumption level of the appliance at each time slot, i.e. xmin 
and xmax should follow the valid scheduling constraint defined as: 
 
ݔ௡ǡ௔௠௜௡ ൑  ݔ௡ǡ௔௛ ൑  ݔ௡ǡ௔௠௔௫ǡ (8) 
׊ܽ א ܣǡ ׊݊ א ܰǡ ͳ ൑ ݄ ൑ ܪ  
 
The optimization problem to minimize the expected available power, i.e. wh+vh and the scheduled power 
consumption of shiftable loads, i.e. xhn,a can be formulated as follows: 
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(9) 
ݏݑܾ݆݁ܿݐݐ݋ݔ௡ א ܺ௡׊݊ א ܰ  
 
The optimization problem mentioned above can be extended to include the cost. Therefore, the energy cost 
minimization can be derived as follows: 
 
  ݉݅݊݅݉݅ݖ݁௫௡א௑௡ǡ׊௡אே σ ܥ௛൫σ σ ݔ௡ǡ௔௛௔א஺௡௡אே ൯ு௛ୀଵ  (10) 
Where cost function Ch indicates the cost of generating or distributing electricity by the energy source at each 
hour h אH. 
Now, the shiftable loads that have precise running times and running periods can also exhibit a deviation from its 
preset time and cause discomfort to the user. In order to model such effects on shiftable loads, we define a comfort 
cost ca such that ca= Δc|d|. Where Δc is the marginal cost of deferment of the device to a different time and d is the 
deferment of the device itself. Thus, we define the optimization problem to include the comfort cost as follows: 
  
 ෍ߪܿ௔ ൅෍෍ ߛ௧௔ݎ௔݌௧௔א஺௧א்௔א஺
 
    (11) 




ݓ݄݁ݎ݁ݐᇱ א  ݋௔, c  =  οܿȁ݀ȁ  
 
Where γא [0, 1] determines when the device is turned on or off and σא [0, 1] is a scaling factor to determine how 
much comfort is important to the user as compared to the price. 
Properties: The objective function is convex and quadratic. Various convex programming techniques such as 
interior point method can be applied to solve the optimization problem.  Since the cost functions are assumed to be 
strictly convex, minimization problem (see equation. 9) always has a unique solution, given the choices of the cost 
functions [6]. Also the mathematical programming formulation for the comfort cost function (see e quation. 11) i.e. 
the problem to find an optimal deferment of Shiftable loads can be directly solved using standard solvers. 
Existing Applications: The model for shiftable loads can be applied to find an optimal solution for the wind 
integration power integration via aggregator-consumer coordination [11]. It can derive results at Nash Equilibrium 
from Energy Consumption and Storage Game (ECS). Another application is the similar implementation of smart 
meters in which a scheme is formulated by energy consumption scheduling game where each user (players) adopts 
best strategy to optimize its cost function and achieve Nash equilibrium [6]. This model can also be applied to the 
residential load control in real-time pricing environments [13], in which models are required to define optimal 
scheduling scheme and solving optimization problem i.e. minimization of cost and waiting time w.r.t power and 
energy consumption of each appliance in a household. Yet another significant contribution of modeling shiftable 
loads can be seen in the implementation of decentralized demand side management in Smart Grids [7], where agents 
requires device models to manage its loads and solve the optimization problem by minimizing user’s energy usage 
and maximize their savings. The models can also allow agents to defer the loads based on grid prices, and to 
coordinate in a decentralized manner. 
2.4. Thermal loads 
A thermal load is a single terminal device with power schedule which consists of a heat store (for example, room 
heater, cooled water reservoir, refrigerator etc.), with temperature profile that must be kept within temperature 
limits. 
Model: Thermal Loads depends on the usage and temperature of the home. In modeling these loads, we will use 
thermal properties of home and heater that will help us build an optimization model. The aim of the model is to 
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optimize the heating (and cooling) profiles such that the thermostat is timely regulated and maintains the room 
temperature as the user expects given that the cost is also minimized. 
First, we model a heat pump which simply extracts heat from one place and moves it to another place and we 
build upon the models proposed in [14] which use ASHREA model of comfort. 
Let ϕ ę R+ be a thermal leakage rate calculated in W/K. The internal and external temperature of the house at 
time t is represented as τtin א R+ and τtext א R+. The optimal temperature where user feels comfortable is denoted as 
τtopt א R+. Variable of power rating of the heater i.e. rh א R+ and heating switch hon א {0, 1} defines the power 
mechanism when the heater is switch on or off at time t. Now the total heat in the system can be computed as 
follows: 
 
ă௜௧ ൌ  ݄௢௡௧ିଵݎ௛ െ ׎ሺ߬௜௡௧ିଵ െ߬௘௫௧௧ିଵሻ   (12) 
 
Similarly, heat injected in the system relates to the temperature inside the room and can be formulated by using 
the total heat, heat capacity ahc and mass of air in the room, amass. 
 
߬௜௡௧ ൌ  ߬௜௡௧ିଵ ൅
݇ă௜௧
ܽ௛௖ܽ௠௔௦௦ 
    (13) 
 
Now, given the user preferences, either we try to optimize for the user comfort of time, i.e. the temperature that 
user expects to be maintained at a particular time or we aim to reduce the cost. In case of the user comfort of time, 
we can model the instantaneous comfort cost as follows: 
   
οܿ௛௧ ൌ  ൝
ܥ௢௡௧ ݓଵ൫߬௜௡௧ିଵ െ߬௢௣௧൯ଶǡ ߬௜௡௧ ൒  ߬௢௣௧
ܥ௢௡௧ ݓଶ൫߬௜௡௧ିଵ െ߬௢௣௧൯ଶǡ ߬௜௡௧ ൏  ߬௢௣௧
 
      (14) 
 
Where wא [0, 1] determines whether it is more comfortable with temperature higher (or lower) than optimal 
temperature. The total comfort cost is the present comfort cost and the cost at time t-1: 
 
ܿ௛௧ = οܿ௛௧ ൅ ߛܿ௛௧ିଵ        (15) 
 





൅ ݇ሺݒ௛݄௢௡௧ ݎ௛݌௧ሻ        (16) 
 
where k א [0, 1] is a scaling factor that balances the cost of heating against the comfort, vh is the duration of time 
slot in seconds and pt is the price of electricity at time t. 
Another variant of thermal load model can be expressed using Equivalent Thermal Parameters Model specified 
for HVAC Units [6]. It defines a space heating unit model using curve fitting parameters such as heat capacity, 
thermal resistance and heat rate that fit the performance curve produced by physical model or by measurements. 
Also the room temperature variation constraint of deadband of 2-4 degree Celsius simplifies the model for 
forecasting process which is highly used in the control algorithms. 
Properties: The objective function for the comfort cost is quadratic and convex. It ensures that the user mainly 
optimizes his comfort. But it is computationally intensive. The complexity increases with the number of loads/agent 
and its deferability. Mixed integer quadratic programming formulation can efficiently solve this optimization 
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problem for reasonable number of loads. For aggregation of thermostatically control loads (TCL) models, method 
such as discrete linear time-invariant (LTI) system in state space form is useful. 
Existing Applications: The presented models of thermal loads can support the implementation of decentralized 
demand side management (DDSM) that allows agents, by adapting (using Widrow-hoff learning) the deferment of 
their loads based on grid prices, to coordinate in a decentralized manner [7]. This is required to build a smart home 
that optimizes the use of devices and heating while interacting with the grid. Another application is solving for 
dynamic optimal power flow problem and the models complements the methodology of proximal message passing 
[12]. For applications of ETP models can be seen in the implementation of control algorithm for HVAC units load 
balancing [14] and control of aggregated heterogeneous thermostatically controlled loads for ancillary services [15]. 
These models simulate the electricity consumption of loads when responding to ancillary service signals under the 
restriction to minimize end user discomfort, considering the temperature changes. Thus, the model is useful in 
determining TCLs heterogeneity, aggregated model parameters, control objectives and constraints as well as 
temperature dynamics of every thermal load. 
3. Discussion 
The models presented in this paper are limited to only four types of home appliances. Nevertheless, they are 
sufficient enough to solve for the cost optimization and scheduling tasks for any smart agent. The core of the task 
formulated in this paper is to enable the smart-home agent with all the necessary behavior models required for each 
of the residential load. This behavior is presented as a set of constraints (physical or soft). In addition to the physical 
constraint of the device such as power consumption, there also exist some soft constraints such as user comfort, 
which in practice precedes all other parameters and is an important property of every model. Furthermore, the 
constraints presented are limited and do not consider the building topology, household size, user lifestyle or the 
climate conditions, which also have a significant impact on the way appliances are modeled. Further research is 
required to accommodate more such feature set to the loads so that the smart agent can realize and enhance its 
abilities. Another aspect that needs to be investigated and is not in scope of this paper is the complexity of the 
optimization problem. In general, it is observed that smart agents prefer the objective functions to be convex and 
quadratic so it can be efficiently solved using standard solvers. 
4. Conclusion 
In this paper we addressed the modeling of electric appliances for smart-home autonomous agents. In particular, 
firstly we categorized different appliances under four major categories, namely storage loads, non-shiftable, 
shiftable and thermal loads. Secondly, we developed individual behavior models for each type of appliance. This 
behavior model is represented as set of constraints. In addition, we also define their optimization problem to be used 
for smart agent that minimizes the electricity usage and maximize user’s savings. The optimization problem also 
includes the comfort cost functions to allow users to set their own scheduling preference based either on their 
individual comfort level or price preference. Finally, we characterize various properties of the models and discussed 
various applications and state-of-the-art methodologies that can make use of our presented models and employ their 
algorithms to solve for optimization and scheduling tasks in smart agents. 
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